Abstract-The prevailing tendency in modern university reforms is towards "how people learn," following a learner-centered approach in which the learner is the main actor of the teaching-learning process. As a consequence, one of the key indicators of the teaching-learning process is the measurement of learner satisfaction within the classroom. Learner satisfaction has traditionally been measured using survey responses to a standard learning survey. However, more scientific analysis should be performed to assess adequately not only learner satisfaction but also the main dimensions that have a positive impact on learner satisfaction. The purpose of this paper is to define a structural and measurement model in which causal relationships among these different dimensions are adequately established. The methodology is based on a multivariate regression model (Structural Equation Models) to establish scientifically a structural model for learner satisfaction within a classroom, measuring its validity and reliability. The proposed approach has been applied to model learner satisfaction in an electronic instrumentation course at the University of Seville, Spain. The results and implications of this study will contribute to improve student satisfaction with respect to the dimensions considered.
In accordance with this approach, learning is considered as a constructive process. Furthermore, as learning is more meaningful and relevant to the student, teaching efficiency is also increased. This effect is particularly important in subjects with a high practical work content in which the skills and abilities of learners need to be improved, especially when students get involved in the learning process, assuming responsibility for their own progress [13] . However, the teaching process should be centered not only on the learner's activities, but also on the learner's satisfaction, taking into account what is relevant for the student. The implementation of learner-centered methodologies demands a prior analysis of the subject, both to understand what is relevant for the student and to identify the dimensions having a higher influence on learner satisfaction.
Satisfaction relates to perceptions of being able to achieve success, and feelings about the achieved outcomes [14] , [15] . From this perspective, several studies have explored student satisfaction to improve course planning [9] , [16] . Sometimes, these studies are limited to one-dimensional post-training perceptions of learners [17] , [18] . Operationally, learner satisfaction is too often measured with "happy sheets" which ask learners to rate how satisfied they were with their overall learning experience. However, the notion of learner satisfaction must be explored through a multidimensional analysis that considers a wide variety of critical dimensions, so as to provide effective metrics that guide improvements in instructional design.
Learner satisfaction scales have been used to assess teaching quality within Information Systems research. User information satisfaction (UIS) and end-user computing satisfaction (EUCS) instruments are examples of user satisfaction scales [19] . Both of them measure several teaching quality factors with a varying number of survey items for each factor [20] , [21] . The main drawback of these methods is that they are primarily focused on teaching quality antecedents of learner satisfaction, instead of considering the learner as the main antecedent. This consideration is of particular importance in lab subjects or in asynchronous learning activities, where the role of the lecturer essentially consists of encouraging students' initiative and motivation to obtain a high learning performance. In these contexts, now being promoted in the EHEA, the content is not so as important as are the new competencies (combination of knowledge, skills and attitude) that the students should develop [22] .
To assess the extent and specific nature of learner satisfaction, different dimensions should be theoretically and operationally defined. Actually, many studies have been conducted on this topic, employing learner dimensions as antecedents. These 0018-9359/$25.00 © 2008 IEEE studies focus on prior learner experiences in e-learning courses [23] [24] [25] , on learner attitudes towards computers [26] , [27] , on learner computer anxiety [28] , on learner Internet self-efficacy [29] , and on learner initial computer skills [30] .
The purpose of this paper is not only to identify the antecedents of learner satisfaction, but also to define a structural and measurement model in which causal relationships among the different dimensions are adequately established. The starting point was the curriculum redesign of an electronic instrumentation and measurement course [25] , where the antecedents of learner satisfaction were identified. These antecedents will be included in a general model to highlight the relationship among the different dimensions previously identified. The appropriate methodology to perform this task is Structural Equation Modeling (SEM).
SEM grows out of, and serves purposes similar to multiple regression, but in a more powerful way. SEM allows modeling of the relationships between multiple independent and dependent dimensions simultaneously, while regression models can analyze only one layer of linkages between independent and dependent dimensions at a time. Therefore, SEM may be used as a more powerful alternative to multiple regression, path analysis, factor analysis, time series analysis, and analysis of covariance. While complex interrelationships cannot be fully explored by these techniques, SEM has the advantage of dissecting these relationships, assessing the total effects of variables on one another. Additionally, SEM provides the associations between variables and estimates the strengths of these relationships in an integrated model [31] . The principle adopted by SEM is based on determining model parameters so as to replicate in the best possible manner the covariance matrix of the dimensions in the model system. This approach facilitates the estimation of complex model systems, determining causal relationships among a set of dimensions, which may include ordinal response variables as well as continuous measurements [32] . SEM has been successfully used in several disciplines including, for example, sociology, psychology or marketing [33] . In the field of educational sciences, SEM has been applied to develop acceptance models [34] or to assess e-learning tools [35] . This study extends the use of SEM to learning satisfaction modeling following a similar procedure.
The paper is structured as follows. Section II describes the existing methods for evaluating learner satisfaction, particularly in a laboratory or practical learning environment, and gives the results obtained from a case study, an electronic instrumentation and measurement course offered by the University of Seville. Section III illustrates the proposed SEM-based methodology for validating the learner satisfaction model. Section IV discusses results and implications and, finally, conclusions are drawn in Section IV.
II. LEARNER SATISFACTION MEASUREMENT IN LABORATORY TEACHING: A CASE STUDY
Traditionally, measurement of learner satisfaction has been applied to assess information and management systems, including classroom teaching in traditional educational contexts [20] , [32] , [36] . This measurement should not be evaluated using a single-item scale, such as global satisfaction, and should incorporate different aspects of learner satisfaction, if it is to become a useful diagnostic instrument. Moreover, a learner satisfaction measurement developed for traditional educational contexts is not appropriate for a laboratory or practical learning environment, where the role of the student is completely different to that of a student in a lecture [19] . For instance, the degree of the student participation and initiative, the way in which the educational material is delivered, and the possibilities for feedback and interaction with physical instrumentation are quite different in a laboratory environment. As learner satisfaction is an antecedent of use intention [37] , there is a need to develop a comprehensive instrument for measuring learner satisfaction within a practical or laboratory context [19] , [25] .
In [25] , a recently developed comprehensive instrument for measuring learner satisfaction within a practical or laboratory context is described. A course offered during the final semester of the Telecommunication Engineering degree at the University of Seville, "Electronic Instrumentation and Measurement Lab," is used as a case study. This optional course consists of 7.5 Spanish-credits or 75 h, one Spanish-credit being equivalent to 10 h of lessons. The Telecommunication Engineering degree is organized in five academic years with every year being divided into two semesters. The courses usually last one semester and most of them consist of six credits on average. The lab course analyzed here is taught in the second semester of the final year, and every year about 60 to 90 students enroll in the course. The main goal of the course is to provide students with an understanding of the operating principles and applications of a selected range of basic and advanced instruments, such as logic analyzers, oscilloscopes, spectrum analyzers, LCR meters, etc., while improving students' skills through laboratory work experience. The lab work is based on a "hands on" instruction focus on engineering topics such as modulation techniques, microprocessors systems analysis, reflectometry principles, fixed telephone basics, instrumentation buses, and so on. The students learn about instruments and lab equipment by using them for the analysis of interesting electronic engineering systems and principles. The course also enables students to strengthen other important abilities, in areas such as collaborative work, innovation and research skills.
The course is organized in two separate lab groups, with 30 to 45 students per group. Group "A" takes place on Thursdays, from 4 PM to 9 PM. Group "B" takes place on Fridays, from 9 AM to 2 PM. The students, working in groups of two or three, have to attend to twelve of these 5-h lab sessions. Therefore, during the course each student attends 12 sessions, of 5 h each, and will work at twelve different workbenches. Each workbench is composed of different electronic instruments and prototype boards that students have to use and test, respectively. The 12 lab sessions composing the course are organized as follows.
• Session 1: Design and analysis of elementary dc meters and multimeters as measurement instruments. • Session 2: Design and analysis of ac meters and multimeters, including the frequency response analysis of the meters and the implementation of elementary half/full bridge ac voltmeters.
• • Session 12: Analysis of advanced electronic digital systems (like digital signal processors or DSP) and protocols (like internal Personal Computers architecture) using logic analyzers. Previous reading is required to understand the principles of operation of the equipment and instruments to be used in each session. Before beginning the laboratory, instrument handbooks and a detailed handout of each task are available to the students. No formal reports are required of students to evaluate their work, but they have to answer on-the-spot questions during each laboratory session.
To assess the extent and the specific nature of learner satisfaction, the different dimensions, and a structural and measurement model taking into account these dimensions, must be defined. Up to 10 dimensions, shown in Table I , were considered in order to assess learner satisfaction in the prior study [25] . The selection of dimensions was based on the technological acceptance model [38] , because satisfaction is generally considered a central mediator of learner behavior. Most behavior researchers would agree that satisfaction influences future usage intention and complaining behavior. Students with high levels of satis- faction are expected to have higher levels of reuse intention and make fewer complaints [37] .
A survey based on these dimensions was applied to the course in order to improve its organization in accordance with learner satisfaction measurements. The results obtained highlighted those dimensions with a higher influence on learner satisfaction, showing that content, user interface, ease of use, and motivation were the most appropriate to be reinforced. According to this analysis, the course was redesigned, and postimplementation results were obtained to show the improvements in the students' development. Although the experimental results obtained clearly showed such an improvement, the resulting model was very simple. All the dimensions were correlated with learner satisfaction, and the correlation value was used in the analysis. Nevertheless, no interrelationships between the dimensions considered were analyzed. These interrelationships should be considered, as the correlation matrix shows that there are strong correlations between several of the dimensions, and these correlations can modify the real impact on learner satisfaction. As a consequence, the methodology had to be modified from that the one used in [25] . Specifically, SEM is applied in this case in order to validate a final model considering the dimensions listed in Table I .
III. LEARNING SATISFACTION MODEL VALIDATION USING SEM
The model to be validated is shown in Fig. 1 . The dimension on the right side is satisfaction, directly driven by the user interface, ease of use, enthusiasm and motivation, and indirectly driven by the rest of dimensions. The dimensions on the left side are the pure independent variables, while the intermediate dimensions are dependent variables that may act as an indepen- dent variable with respect to one other. In contrast with classical regression models, SEM hypothesizes that dimensions such as those aforementioned are not directly observable, and are better modeled as latent rather than observable variables. As a consequence, they are indirectly measured through a set of indicators. In this way, SEM makes it possible to distinguish two different types of errors: errors in equations, as shown by the path model, and errors in the observation of variables [39] .
The validated questionnaire presented in [25] and Table II , was also employed here, and was distributed to and completed by 284 students enrolled in the Electronic Instrumentation and Measurement Lab course. Each dimension is measured using several indicators. Cronbach's alpha index (a reliability index associated with the variation accounted for by the true score of the "underlying dimension") was used to prove the reliability of the questionnaire. This coefficient ranges from 0 to 1. The higher the score, the more reliable is the generated scale. A value above 0.7 is an acceptable reliability coefficient, although lower thresholds are sometimes used in [40] . Table II shows the reliability analysis results, including the value of Cronbach's alpha given in parentheses under the dimension. The inter-item correlation associated with each item is also shown in the second column of Table II between parentheses. Thirty-three of the questions, the majority, report satisfactory values. Items I5 and I20 were rejected due to the low interitem correlation value.
Once the set of items for measuring the underlying dimension has been defined, the hypothesis of the proposed model will be validated. If the model is analyzed from right to left (Fig. 1) , it can be concluded that satisfaction (S) is primarily driven by the User Interface (UI), Ease of Use (EOU), and Enthusiasm and Motivation (EAM). UI and EOU are related to the quality and effectiveness of the instructor and the instruction (cognitive dimension) while EAM locates the instructor as a facilitator of knowledge and capabilities transmission (affective dimension). Consequently, satisfaction is achieved as a mixture of cognitive and affective dimensions. Although instructors tend to improve only cognitive dimensions, affective dimensions should also be considered because they promote positive feelings towards the subject.
A clear antecedent of these three dimensions is User Control and Interactivity (UCI). Indeed, UCI must be facilitated by the way in which content is delivered (User Interface), which should work both reliably and conveniently (Ease of Use). At the same time, User Control and Interactivity also encourages students to participate actively in the practical work. As shown in Fig. 1 , this dimension is the central element in the model. UCI is stimulated by three independent dimensions and drives the three dimensions with a direct influence over satisfaction. Going from left to right of the model, five pure independent dimensions can be mentioned. Learning community (LC), learner responsibility (LR), and previous experience (PE) are the three dimensions that show the student's profile. These three represent an input to the course and, consequently, they can be considered as independent variables in the proposed model. User Control and Interactivity is determined by the student profile. However, the instructor is responsible for guiding the student's initiative and increasing the user satisfaction.
The last two pure independent variables are content (CON), related to the quality and effectiveness of the knowledge transmission, and feedback (FED), related to the strengthening of users' learning via verification (affective dimension). Neither of these variables have a direct influence over satisfaction. The first is modulated by the user interface, the way in which this content is delivered (cognitive dimension). The second is modulated by the enthusiasm and motivation of students when performing the practical work (affective dimension).
Other dimensions could be considered, but the inclusion of too many dimensions could cause undesirable effects, such as model overfit.
Once the model has been described, the next step is to validate it. The confirmatory structural and measurement model is obtained and validated using SEM. According to [40] , if SEM is accurately applied it can surpass such first-generation techniques as Principle Components Analysis, Factor Analysis, Discriminant Analysis, or Multiple Regressions. Specifically, SEM provides a greater flexibility in estimating relationships among multiple predictors and criterion variables, and allows modeling with unobservable latent variables. Additionally, SEM estimates the model without contamination from measurement errors. The two approaches to causal modeling which appear in the literature are as follows.
• Partial Least Square (PLS). The PLS method [40] is a Structural Model Equation modeling technique widely used in social sciences and business research [41] [42] [43] [44] , and PLS regression is an extension of the multiple linear regression models. In its simplest form, a linear model specifies the (linear) relationship between a dependent variable (the use of the tool), and a set of predictor variables (external variables previously obtained). The objective in PLS is to maximize the explanation variance. Thus, and the significance of the relationships among variables or dimensions are measures that indicate how well a model is performing. The conceptual core of PLS is an iterative combination of Principal Component Analysis relating items to dimensions, and path analysis permitting the construction of a causal model. The hypothesizing of relationships between dimensions and items, and among different dimensions is guided by the previous literature in this field. The estimation of the parameters representing the measurement and path relationships is accomplished using Ordinary Least Squares (OLS) techniques.
• Covariance structure analysis as implemented in the Linear Structural Relations (LISREL) model. LISREL estimates model parameters in an attempt to reproduce the covariance matrix of the measures (or observable variables), and also incorporates overall goodness-of-fit measures to evaluate how well the hypothesized model "fits" the data. Covariance structure analysis is "theory-oriented, and emphasizes the transition from exploratory to confirmatory analysis" [45] . The basic distinction between PLS and LISREL as causal modeling methodologies rests in their objectives. LISREL is best used for theory testing and development [45] ; while PLS is oriented towards predictive applications [46] . In comparison with LISREL, the objective of PLS is the explanation of variance in a regression sense, and thus and the significance of relationships among dimensions are measures more indicative of how well a model is performing. "PLS is primarily intended for causal-predictive analysis in situations of high complexity, but low theoretical information" [45] . For these reasons, model testing was examined through a PLS framework in the present case.
Following the two-step analytical procedure [47] , the measurement model is first examined, and then the structural model. The rationale of this two-step approach is to ensure that the conclusion on structural relationship is drawn from a set of measurement instruments with desirable psychometric properties. The measurement model is evaluated in terms of reliability, internal consistency, convergent validity, and discriminant validity. Table III summarizes the factor loadings and average variance extracted from the measures of the proposed research model.
• Individual item reliability. In general, one would like to have each indicator sharing more variance with the component score than with the error variance. This condition implies that the square of loadings should be greater than 0.70. Loadings of 0.5 and 0.6 are acceptable if there are additional indicators in the block for comparison basis [40] . This condition was met in this study, as shown in Table III. • Convergent validity indicates the extent to which the items of a scale that are theoretically related should have a high correlation. Convergent validity was evaluated for the measurement scales using two criteria suggested by [42] : (1) all indicator factor loadings should be significant and exceed 0.70 and (2) Average Variance Extracted (AVE) for each dimension should exceed the variance due to measurement error for that dimension (i.e., should exceed 0.50). All the measures meet the recommended levels (see Table III ).
• Discriminant validity is the extent to which the measure is not a reflection of another variable. Discriminant validity is indicated by low correlations between the measure of interest and the measures of other dimensions. Evidence of discriminant validity of the measures can be verified using the squared root of the Average Variance Extracted for each dimension higher than the correlations between it and all other dimensions [42] . As summarized in Table III , the square root of Average Variance Extracted for each dimension (on the diagonal) is greater than the correlations between the dimensions and all other dimensions. The results suggest an adequate discriminant validity of the measurements. Next, the structural model is examined. The research model was tested using PLS-Graph v.3.0 [48] . The model was estimated using the maximum likelihood method. Fig. 2 depicts fit statistics, overall explanatory power, and estimated path coefficients. To assess the statistical significance of the path coefficients, which are standardized betas, a bootstrap analysis was performed. Bootstrapping provides an estimate of the variability of the parameters in a final model. The use of bootstrapping, as opposed to traditional t-tests, allows the testing of the significance of parameter estimates from data which are not assumed to be multivariate normal. Subsamples are automatically generated from the existing data by removing cases from the total data set generated by the 284 students. The number of random subsamples to be generated is set by the analyst. For this study, the number of bootstrap subsamples was set at 500. PLS estimates the parameters of each sub sample and "pseudovalues" are calculated by applying the bootstrap formula. Table IV shows that most of the paths proved to be significant at the p-value 0.001 level. All the hypotheses about relationships among dimensions were supported. Finally, the results from the analysis show the explanatory power of the research model, revealing that the proposed model satisfactorily accounted for 70.6% of the variance.
In summary, the necessary steps to validate a structural and measurement model are next detailed. a) The measurement is tested using several criteria like individual item reliability, convergent validity and discriminant validity. b) The structural model is tested using a bootstrap analysis.
IV. RESULTS AND IMPLICATIONS
According to Fig. 2 , the results from the analysis guarantees that the proposed model accounted for 70.6% of the variance in satisfaction. Consequently, 70.6% of the variance in students' Fig. 3 . Improvements on the current course organization according to learner satisfaction measures. satisfaction can be explained, which is an excellent result for this kind of analysis.
The obtained result corroborates the preliminary study presented in [25] . Topics related to controllable dimensions like content, user interface, ease of use, and enthusiasm and motivation must be promoted to improve students' satisfaction. New activities and learning environments can be proposed to improve the content, user interface, ease of use, and enthusiasm and motivation dimensions.
In the case study, the Electronic Instrumentation and Measurement Lab course, the content dimension is improved by planning new activities in the lab, based on industrial buses and protocols, domotic systems, remote and virtual instrumentation control and mobile technologies. The user interface dimension is improved through the application of a learning management system while the ease of use dimension is enhanced using multimedia technologies and contents to improve the learning processes. The enthusiasm and motivation dimension is enhanced using real world applications, with practical results of the developed work. The inclusion of collaborative and cooperative hands-on work improves competences like teamwork and collaboration skills. Finally, the user control and interactivity dimension is improved through students' decision-making during the class, and the feedback dimension is promoted by doubling the number of professors attending each class. These improvements are detailed in Table V and Fig. 3 .
V. CONCLUSION
Learner satisfaction has been modeled in an Electronic Instrumentation and Measurement Lab using Structural Equation Models. The adopted approach is based on the learner's satisfaction, according to the current European higher education reforms, where the focus of attention is moving from the teacher to the learner. Students' satisfaction is positively impacted when the content is transmitted through an adequate user interface, when the interaction with instrumentation equipment and tools is easy and adequate to the students' level, and when they feel motivated by the work they are required to do. The model distinguishes five pure independent variables: content and feedback, that should mainly be managed by the lecturer, and the three elements of the students' profile (Learning Community, Learner Responsibility and Previous Experience dimensions), which depend on the attitudes and capabilities of students who attend the course. The management of all of these variables is the responsibility of the lecturer, who must also consider attitudes and capabilities to promote user control and interactivity.
In accordance with the proposed model, satisfaction is the result of two types of influences: the cognitive and the affective influence. Cognitive influence is essentially driven by the upper-middle part of the model, that is, the content of the course and the way it is delivered to students, plus the possibilities of interaction with equipment and tools. The lower-middle part of the model represents the affective influence over satisfaction, that is, students' motivation when working in the lab. User control and interactivity has also an affective component in the sense that it can promote enthusiasm and motivation.
In accordance with this analysis, several improvements regarding the content, user interface, ease of use, and motivation should be considered. Although some other dimensions could be considered, the number of these should be kept low to avoid model overfit. The proposed methodology can be generalized to any subject in a higher education course, and demonstrates its usefulness in highlighting which relevant aspects should be improved from a learner-centered approach.
